This paper mainly focuses on the correlation between live hedge fund return and their value at risk (VaR), and is based on the historical data from May 2000 to April 2010. The authors adopt portfolio level analyses and fund level cross-sectional regression, and find that there is significant positive correlation, both statistically and economically, between the hedge fund return and VaRs (parametric, non-parametric and GARCH). Further research is conducted by sub-dividing the overall period into pre-Financial-Crisis and Financial Crisis, and demonstrates that this correlation holds in both periods but weakens in the Financial Crisis. Besides, the authors identify the approximately negative correlation between hedge fund portfolio return and increase in VaR, and develop an effective method of selection.
hedge funds to find out whether hedge funds deliver alpha and whether the alphas change over time. They conclude that funds with alpha were less likely to liquidate and experience greater capital inflows than beta-only funds. Brown, Goetzmann and Ibbotson (1999) examine the performance of the off-shore hedge fund industry over the period 1989 through 1995, and conclude that it is the style of strategies other than the skill of managers contribute more to the performance of the hedge fund. Ackermann, McEnally, and Ravenscraft (1999) The paper proceeds as follows. Sections 2 describes the data and methodology. Section 3 presents the empirical results. Section 4 concludes the paper.
2: Data and Methodology

Data
The data involved in this paper includes original historical data of world hedges funds and the data sets adjusted by us based on the original data.
Original Historical Data
We obtained our original historical data of hedge funds from the HedgeFund.Net, which is owned by Channel Capital Group Inc., and provides news and historical performance data of worldwide hedge funds on the web 2 . The data set we downloaded contains factors 
Logarithm Return
Since the monthly returns provided by the HFN are holding period returns, whose distribution does not range from negative infinity to positive infinity, we need to convert them to log-returns, so that we can base our following computation on a normal or skewed distribution. Through this procedure, we get a new 1050 rows x 60 columns matrix and use log-return instead of the original holding period return in all our research 5 .
(Hereafter, the return mentioned in this paper refers to log-return.)
Non-normality Distribution Test
Once we have 120 monthly returns for each fund, we could compute the Skewness, ExKurtosis and Jarque-Bera (JB) value to test whether the returns are normal distributed.
For a normal distribution variable, the Skewness of its values is zero and Kurtosis is three (Ex-Kurtosis = Kurtosis -3 = 0). At each month, we calculate Skewness and Kurtosis for the returns of each hedge fund from its past 60 months' return 6 in a rolling-time basis, and count the number of cases that their Skewness and Kurtosis exceeds the critical value, which are calculated as follows:
where z(α) = 2.57 is obtained at 1% significance level, and n is the number of observations. We get the percentage of exceeding numbers to the total number, which is the probability of rejecting the normality. Besides, we also used JB test to examine normality: 
Figure-2 Histogram of Hedge Fund Return
In this figure, the histogram is obtained from the average historical monthly return of each hedge fund over the period of May 2000 to April 2010. The red curve is the normal distribution curve. The figure shows that the hedge fund return is a non-normal distribution with negative skewness, excess kurtosis and fat-tail. 
GARCH Estimation of Volatility and VaR
In the paper of Bali, Gokcan and Liang (2006) , they estimate Parametric VaR based on the unconditional standard deviation of the hedge funds return over the past 60 months in a rolling-time basis. In our research we introduce the GARCH estimation of volatility, which believes that the present volatility is mainly decided by the present variable value (return) and the most recent volatility, that is, the volatilities varies along the time. The 60 months' Fat-tailed GARCH(1, 1) volatilities are calculated and a new matrix of GARCH Parametric VaRs is obtained by us.
Methodology
In this section, we elucidate how to estimate the three types of VaRs, how to form and compare portfolios according to the VaRs, and how to perform the cross-sectional regression.
Non-parametric VaR
To estimate the non-parametric VaR, we do not need any assumption about the shape of exhausting all the available data, we receive 60 non-parametric VaRs.
As aforementioned, the hedge fund returns are not normal distributed due to the significant skewness and kurtosis, and we need to find an appropriate model that takes into account these higher-order moments. Bali, Gokcan and Liang (2006) adopt the Cornish and Fisher (1937) expansion to adjust the skewed and fat-tailed distribution, and testify its validity. In this paper, we follow the same formula to estimate the parametric VaR:
Where  is the mean,  is the standard deviation of the past 60 months returns, and
is the critical value corresponding to a certain confidence level and the specific shape of the distribution of the past returns. Here, ()   is determined by the critical value from the normal distribution of probability ( () z  ), skewness (S) and kurtosis (K).
From the processed data including return, volatility, skewness, kurtosis, as well as the critical value at 95% confidence level (-1.645), we can figure out 60 parametric VaRs.
Furthermore, replacing the unconditional standard deviation with the GARCH standard deviation, we get another group of 60 parametric VaRs.
Portfolios Formation Based on VaR Sorting
Similar to Fama and French (1992) portfolios with average monthly ∆VaRs and the corresponding returns.
Cross-sectional Regressions
Referring to Fama and French (1992) , we run the cross-sectional regressions to compare the predictive power of VaR with other factors, i.e., asset size and age of hedge funds, at the fund level. Our selection of these two control variables is founded on the precedent research results, such as Bali, Gokcan and Liang (2006) , that these two variables are significantly related with hedge funds return. Based on the 60 months' data of these variables of 1050 hedge funds and their actual one-month ahead returns, we run 60 times cross-sectional regressions. Once we obtain the 60 cross-sectional slope coefficients of each variable, we average them and compare their statistical significance by the tstatistics.
Lag Phase Determination
Considering the VaR might influence the hedge funds return for several months, we need to determine N, which is the number of months influenced. We hereby used the Kyock Distributed Lag Model 8 : 
3: Empirical Results
Hedge Fund Portfolios formed by Sorted VaR
At each month, as described in 2. , that is, the higher value of VaR, the higher expected loss there will be.
Overall Period
The overall period is from May 2000 to April 2010, including the period before 2007
Financial Crisis and months from the starting of Financial Crisis to present. The sorted and grouped results in Table-3 
Pre-Financial-Crisis Period
The pre-Financial-Crisis period is from May 2000 to October 2007. The sorted and grouped results in Table-4 
Financial Crisis Period
The Financial Crisis period is from November 2007 to April 2010. The sorted and grouped results in Table-5 show no obvious correlation between return and VaRs (parametric, non-parametric and GARCH VaR) and there are many cases that the relation is not monotonic. Figure-5 displays the non-monotonicity explicitly. The aforementioned group research show that the results based on the pre-crisis data are very similar with that presented in Bali, Gokcan and Liang (2006) -the hedge fund return is strongly positive-correlated with VaR. However, the correlation has become less significant since the Financial Crisis. An intuitive explanation of this phenomenon is that some funds in the high VaR portfolios may yield less than before or even negative, while the funds in low VaR are less affected by the deteriorated market. The numbers in Table- 3 and Table-4 
Cross-sectional Regression
Regression by VaR, Size and Age
We perform above analyses based on the portfolio level, which could lead to significant statistics results. However, by averaging among groups, this approach ignores specific factors' potential influence to individual hedge fund. Therefore, we run cross-sectional regressions of the one-month-ahead returns on selected factors: parametric VaR, nonparametric VaR, GARCH VaR, asset size and hedge fund age 9 :
9 The regression formulas refer to Fama MacBeth(1973) (8)
(10)
We first regress across 1050 hedge funds to obtain their statistic values, such as β, t-stat and R 2 , and then repeat this regression on time series to get 60 groups of results. We average these results to find out which factor has more explanatory power to the hedge fund return. Table-6 reports that there is a significant positive relation between the hedge fund return and all of the three types of VaRs. Nevertheless, the other two factors: the asset size and age are negatively correlated with return, and neither of the relations is statistically significant. Moreover, the average R 2 values for VaR regressions are much higher than that for size and age regressions. The above results indicate that VaR is more important than other factor to forecast the hedge fund return. 
Regression by Three Types of VaRs in Three Periods
In 3.2.1, we have already found out that VaR is significantly related to the hedge funds return. In this section, we are going to test whether the correlation varies in different periods with changed market situations.
We sub-divide the overall period into pre-Financial-Crisis (May 2005 to October 2007) and Financial Crisis (November 2007 to April 2010) periods. As shown in Table- 7, the correlation holds in each of the three periods, while under the extreme volatile market situation, such as the Financial Crisis, the correlation observably weakened. Bali, Gokcan and Liang (2006) discuss the relationship between hedge fund return and changes of VaR at the portfolio level. They divide all the sample hedge funds, including live and defunct, into 10 portfolios by the above-mentioned measure, and they find that the expected to defunct funds often possess the largest increase in VaR. Meanwhile, those funds with almost no changes of VaR produce the highest return. In this paper, we try to adopt a similar method to find out whether there is a significant connection between the dynamic VaR process and the return of the live funds.
Return and Changes of VaR
Delta VaR Portfolio Formation and Analysis
We first calculate the monthly change of VaR (∆VaR) 10 , rank them from low to high, and then group them into 10 portfolios with their related one-month-ahead returns. Next, we compute the average ∆VaRs and returns of the 10 portfolios respectively. Moving the time windows to the next month and repeat the above procedure until we exhaust our available data from May 2005 to April 2010, we obtain 60 pairs of average ∆VaR and returns. Averaging these results on time series, we obtain returns for each of the 10 portfolios ranked according to ∆VaRs. 
Sub-period Analysis
Our conjecture mentioned in 3.3.1 is supported by the sub-period analysis. We roughly split the overall period into two sub-periods: pre-Financial-Crisis and Financial Crisis.
The second part of table-8 indicates that although the highest return still occurs in the lowest ∆VaR portfolios, the portfolios with high ∆VaRs also bear relatively high return. Figure-7 shows that the average portfolio returns present an approximately "U" shape along with the increasing ∆VaRs. Nevertheless, the Financial Crisis period data shows that the negative correlation between ∆VaR and return become stronger than before. This is because that when the market is prosperous, undertaking more risk would probably bring more profit; while when the market falls, the increase of VaR often means huge loss. Return(%) DVaR(%)
Test on Different Delta VaRs
To ensure our results are not affected by the method that we estimate VaRs, we use both non-parametric and GARCH CF VaRs to repeat the above procedure and get very similar result. (See Appendix 1 Table-9 and Table- In contrast, this correlation became the least sensitive and significant in the Financial
Crisis period.
Appendices
Appendix 1 Return(%) DVaR(%)
